This paper takes stock of European banks' accumulated losses since 2007 and relates these to bank characteristics. In line with previous studies, we find that large, market-oriented banks were particularly hit by the 2007-2009 global financial crisis whereas smaller, retail-oriented banks weathered these years relatively well. In subsequent years, however, the picture reversed and retail-oriented banks were most affected. Over the entire period, medium-sized banks suffered most losses and often needed state aid. This suggests that measures to contain systemic risk, such as capital surcharges and bail-in requirements, are as relevant for these institutions as they are for the largest banks.
Introduction
European banks were hit hard by the 2007-2009 global financial crisis and the subsequent European (sovereign) debt crisis (Figure 1 ). Although losses are still accumulating in some banks, the experience so far provides useful information about the order of magnitude of losses in a systemic event. Historical losses provide a reference point for adequate levels of capital or, more broadly, loss absorbing capacity. Indeed, banks' historical losses have been an important input for the calibration of international regulatory standards. 1 The crisis has also revived policymakers' interest in bank characteristics. Some banks weathered the crisis better than others, which suggests that business models may be relevant to explain banks' performance in times of distress. Recent regulatory measures, such as Basel 3, are likely to affect bank characteristics and activities (EBA, 2015) . For instance, the largest banks have to hold a systemic capital surcharge while banks that rely on short-term wholesale funding are particularly affected by the new liquidity requirements. Structural reforms, such as new resolution regimes and ring-fencing, may have a major impact on banks' organizational and funding structures. Bank business models have also been incorporated in supervisory frameworks more directly. For instance, the European Single Supervisory Mechanism (SSM) included "Business models and profitability drivers" as a focus area in (ECB, 2016 .
[FIGURE 1 Bank earnings 2006-2016: a double dip] This paper documents European banks' performance in the 2007-2016 period and explores the nexus between bank characteristics and fragility. We focus on banks with total assets larger than EUR 30 bn, which captures almost the entire banking system in the European Union. Performance is measured at the institution-specific level by peak accumulated losses. We characterize banks by size categories and business models. Using factor analysis, we identify two main business models: large investment banks, which suffered most during the global financial crisis, and retail banks which were particularly hit in the European debt crisis. 3 The paper is organized as follows. Section 2 briefly discusses recent studies on bank performance and bank characteristics. Section 3 presents an analysis of bank losses, including a first assessment of differences between size categories. Section 4 further explores differences across banks by relating losses to business models. Section 5 evaluates the results and discusses implications for loss absorbing capacity. Section 6 concludes. global financial crisis. They conclude that banks that were hit mostmeasured by capital and liquidity support and systemic riskwere typically large institutions with low capital ratios and a strong dependence on short-term market funding. By contrast, banks that weathered the crisis well had a large retail deposit base and diverse income sources. Beltratti and Stulz (2012) also focus on the global financial crisis, using stock market performance as a measure of distress for a large set of listed banks from advanced and emerging economies. They find that high leverage, reliance on short-term funding and relatively high profits just before the crisis contributed to a bad performance in subsequent years. Demirgüç-Kunt and Huizinga (2010) conclude that, in the run-up to the crisis, particularly large and fast-growing banks had a large proportion of non-interest income and were depending on wholesale funding. These banks were more profitable than other banks, but also turned out to be more vulnerable during the crisis (see also Detragiache et al., 2018) . Pouw and Kakes (2013) provide further evidence that banks relying on wholesale funding were relatively profitable before the crisis.
The Liikanen (2012) report, which was written by a high-level expert group established by the European Commission, considered the performance of European banks in the global financial crisis. Although the report concludes that the European banking system was severely hit across the board, it also notes that large banks were affected more than small banks and that specific characteristicsreliance on wholesale funding, high leverage, a market-oriented business modelexplain why some banks were less resilient than others. higher systemic risk also explains why it is typically expected that large banks are more likely to receive state support than smaller banks, as reflected by rating agencies' support ratings (Poghosyan et al., 2016) .
Some studies focus on differences in banks' behavioural responses to explain their performance in the crisis. Detragiache et al. (2010) conclude that the extent to which European banks' preserved their profitability can be explained by their ability to contain the rise in non-performing loans, cut operating costs, and aggressively reduce assets and dependence on wholesale funding. Shehzad et al. (2010) find that concentrated bank ownership is positively related to banks' ability to take action, particularly in jurisdictions with weak shareholder protection rights.
Ayadi and De Groen (2014) identify business models for a set of EU banks, using cluster analysis. Overall, studies focusing on the 2007-2009 global financial crisis typically find that large banks with relatively low capital ratios and significant wholesale activities have been hit most. Ayadi and De Groen (2014) are an exception in that they consider almost the entire post-2007 period and observe a shift in performance (return on assets, return on equity, cost-to-income) with retail banks underperforming in more recent years.
Our analysis covers the entire period from 2007 onwards, while we use peak accumulated bank losses (PAL) as a measure of bank performance. An advantage of using historical losses, compared to e.g. stock prices, is that we can include both listed and non-listed banks. In addition, 5 (accumulated) losses can be relatively easily translated into implications for the required lossabsorbing capacity. Regarding bank characteristics, we look at bank sizemeasured by total assets but we also identify business models using factor analysis, following similar approaches by De Haan (2003) and Van Ewijk and Arnold (2014) .
Historical losses 2007-2016
Annual data for EU banks are obtained from the SNL database. We only consider banks at the consolidated level, i.e. individual branches and subsidiaries are excluded. Losses are measured by comprehensive income, a broad definition of income which also includes unrealized losses that are not directly reflected in the profit and loss statement. The latter is important to capture losses that are booked through a write-down of assets. Most of our analysis focuses on a core set of banks with at least EUR 30 bn total assets. This cut-off corresponds to the size criterion used by the European Single Supervisory Mechanism (SSM) to identify significant institutions and covers the bulk of the banking system. A further discussion of data and definitions is presented in Annex A. [FIGURE 2 Largest banks hit first, smaller banks later] Spain, as well as Cyprus), which have been most hit by the crisis. To some extent, losses of medium-sized and GIIPS-based banks can be explained by cyclical factors, which is illustrated by the relatively large credit gap at the onset of the crisis in 2007. In Section 4, we further explore whether performance is related to other characteristics, captured by bank business models.
Breakdown into size categories
Medium-sized banks also received relatively more state aid, both in terms of the proportion of banks receiving aid and the nominal volume of support. Again, a large share of aid is concentrated in banks from GIIPS countries. The annual pattern of state aid mirrors that of losses, peaking around 2008-2009 and 2011-2012 (Annex 1). The connection between losses and aid by category illustrates that state support is not just provided to the largest banks, which are typically considered too-big-to fail, but also to medium-sized banks, implying that the latter may be prone to similar moral hazard incentives. 2 [TABLE 1 Stylized different size classes EU banks]
Bank-specific performance: peak accumulated loss
We characterize each bank's individual performance by its peak accumulated loss (PAL). PAL is calculated as a bank's total income over a time interval, within the 2007-2016 sample period, that minimizes accumulated profits (or, equivalently, maximizes accumulated losses). 3 Because the PAL interval can also include years with positive income and exclude years of negative income, the overall number is lower than aggregate losses in each category. Figure 3 shows that PAL is negative for 87 percent of the banks in our core set, which means that the vast majority experienced a loss in at least one or more years. In about one quarter of the cases, PAL is more than 3 percent of total assets and for one fifth it is more than 8 percent of risk-weighted assets. Global Systemically Important Banks (G-SIBs) in Europe, the US and Japancomparable with our category of banks larger than EUR 500 bnwhich suffered losses up to about 13 percent of RWA and 5 percent of TA.
[FIGURE 3 Distribution peak accumulated losses across banks]
Caveats
The losses took place under circumstances that have changed in recent years. This is inevitable, but causes upward and downward biases compared to how losses might have evolved under today's circumstances:
-Regulation has been strengthened and banks have become better capitalized, which increases their ability to deal with a crisis and contain losses. 5 Loss ratios in this paper are measured using the data in banks' financial statements, published under three international capital accords (Basel 1-3). Definitions of total exposuresto be used for the leverage ratioand RWA have become more conservative under Basel 3. Under the new regulatory framework, loss ratios would probably have been lower than under the old framework. 6 4 Drees and Pazarbasioglu (1998) present detailed data on performance for the Scandinavian countries during the Nordic banking crisis in the early 1990s. In terms of income before taxes, accumulated losses as a percentage of TA in Finland were 6 percent for commercial banks and almost 17 percent for savings banks; in Norway accumulated losses were 7 and 2 percent for these categories, in Sweden 4 and 5 percent, respectively. Note that these are aggregates by banking group; the variation across individual banks within each group is likely to be higher. 5 See the annual progress report of the Financial Stability Board on the implementation and effects of regulatory reforms (FSB, 2017) . 6 More generally, more stringent regulation and supervision is likely to reduce banking risks (Klomp en De Haan, 2011) , which would contain losses in a crisis. Better capitalization may also help to contain the rise in funding costs.
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-However, other aspects work in the opposite direction. 7 Some banks are still making losses, implying that loss ratios may go up further than our data show. Moreover, losses have been contained by interventions by governments and central banks, including capital and funding support to banks as well as macroeconomic stabilization policies. It is far from certain whether governments will have the willingness and sufficient financial resources for similar support measures in a future crisis.
Bank losses and business models
In this section, we further explore the relationship between losses and bank-specific variables beyond size, by identifying business models based on a variety of bank characteristics. In addition, we analyse how business models interact with the timing of losses (i.e. global financial crisis versus European debt crisis) and banks' home jurisdiction (i.e. GIIPS versus non-GIIPS).
Identification of bank business models
We apply factor analysis to 15 bank characteristics that have also been used in previous business model studies (e.g. Altunbas et al., 2011; Ayadi and De Groen, 2014; Lucas et al., 2016) :
Size: total assets (logs).
Sources of income (as a proportion of total operating income): Net interest income Fees & commissions Trade income Liquid assets (as a proportion of total assets):
Cash and cash equivalents Securities Interconnectedness with the banking system (as a proportion total assets):
Bank deposits Net loans to banks Total net loans Market orientation (as a proportion of total assets):
Derivatives held for trading Assets held for trading Risk mix: market and operational risk as a proportion of credit risk (logs). Capitalization: 9 Equity ratio (proportion of total assets) Tier 1 ratio (proportion of risk-weighted assets) Dependence on wholesale funding: loan-to-deposit ratio.
These elements are included in a factor analysis (for details, see Annex B). Because not all variables are available for all banks, the sample is reduced to 69 institutions. 8 The loss performance of these institutions are likely to be representative for the entire sample, however, as the length and initial years of PAL intervals are very similar ( Figure A2 in Annex A).
We find two factors, which we interpret as business models:
-Factor 1: Big investment banks. Factor 1 is relatively large for big banks that hold a lot of securities, derivatives and assets for trading and have a relatively large exposure to market risk.
-Factor 2: Retail banks. Factor 2 is relatively large for relatively small banks that are especially dependent on interest income, have little other income from fees or trading, and hold a lot of liquid assets.
For brevity, we will refer to the two types of business models as Factor 1 banks and Factor 2 banks, respectively, when discussing the regression results. Overall, Factor 1 banks are more market oriented while Factor 2 banks are closer to traditional intermediaries.
Regression results
Panel A of Table 2 presents the outcomes of linear regressions, to investigate the relationship between PAL and business models Factor1 and Factor2, respectively. The first regression equation is:
where i stands for bank i. The estimation period is 2007-2016.
The significantly negative value of -2.46 estimated for the constant term a1 in Equation (1) indicates that PAL is typically negative, as expected. Factor1 has a significantly positive impact (0.98), which implies that big investment banks' losses tend to be lower than the sample average.
[TABLE 2
Regression results] Our next step is to analyse whether differences between business models also reflect variation over time, particularly between the global financial crisis and the European debt crisis. This time split is motivated by the twin crises periods observed in Section 3. We investigate this by adding interaction terms in Equation (2), where Period1 is a dummy that is 1 if the first year of the PAL interval falls in the years up to and including 2009 and 0 if the fist loss year is 2010 or later:
The estimated value for a3 is significantly negative (-1.88), which suggests that big investment banks were mostly hit during the global financial crisis. Hence, the fact that such banks' losses tended to be lower than the sample average is mainly due to the fact that they were not hit much by the European debt crisis. This is confirmed by a further analysis of average marginal effects of Factor1 and Factor2 in both sub-periods, presented in Panel B of Table 2 . These marginal effects show that only the impact of Factor1 in Period2, i.e. the period from 2010 onwards, is statistically significant (+2.08). This finding suggest that the better performance of big investment banks over the period as a whole is driven by their relatively low losses since 2010.
The regression outcomes can also be illustrated graphically. Note that each bank has a score for Factor 1 and for Factor 2 (which both, by construction, have mean 0). If Factor 1 exceeds Factor 2, a bank is more an investment bank than a retail bank, and vice versa. We call a bank an investment (retail) bank if the difference between its values for Factor 1 and Factor 2 lies above (below) the interquartile range. If the difference lies within the interquartile range, the type of bank is considered indeterminate or hybrid. In Figure 4 Our regression results are broadly in line with previous studies discussed in Section 2. Most of these studies focus on the 2007-2009 global financial crisis and conclude that large, wholesaleoriented banks were hit most while retail-oriented banks performed relatively well. When the entire post-2007 period is considered, however, the picture changes. We find that retail banks were particularly hit in the second stage of the crisis, like Ayadi and De Groen (2014) , and also show that these banks had the worst performance over the entire sample period.
The underperformance of Factor2 banks, especially since 2010, may be largely attributed to the European debt crisis rather than just business models. This crisis particularly affected the so-called GIIPS countries (Greece, Ireland, Italy, Portugal, Spain) and Cyprus. To further investigate this, we first add interaction terms for GIIPS in Equation 3 in Table 2 , where GIIPS is a dummy that is one for banks from the GIIPS countries and Cyprus, and 0 otherwise:
The significantly negative estimated value for a5 (-4.47 ) confirms that GIIPS banks were hit most over the entire sample. Moreover, the estimated value for a4 (-6.24) shows that the underperformance of GIIPS banks was strongest for retail banks. This is confirmed by the average marginal effects of Factor1 and Factor2 in both groups of countries, presented in Panel B of Table   2 . These marginal effects show that only the impact of Factor2 banks in GIIPS countries is statistically significant (-6.27).
Overall, we find that Factor1 banks were mostly hit by the 2007-2009 global financial crisis and Factor2 banks in the post-2009 years, while at the same time these results are largely driven by banks from the GIIPS countries (including Cyprus). A relevant issue is whether specific 12 characteristics to GIIPS banks other than business models play a role. In particular, large sovereign exposures have played a role in the European debt crisis, leading to negative sovereign-bank feedback loops (Bekooij et al., 2006) . However, the difference between Factor1 and Factor2 banks can also be observed within the sample of GIIPS banks, where retail banks underperformed investment banks, implying that business models are relevant to explain banks' performance.
Implications for loss absorbing capacity
More loss absorbing capacity is an essential element of the new regulatory framework for banks, which goes beyond the micro-prudential capital requirements in two respects. First, under the current regulatory regime (Basel 3) banks have to hold capital buffers on top of micro-prudential minimum requirements, which can be drawn down in a crisis. These buffers consist of (i) a minimum 2.5 percent RWA capital conservation buffer, extended by (ii) a countercyclical buffer and by (iii) systemic buffers. 9 Second, banks have to hold sufficient long-term liabilities that can be transformed into capital through bail-in. 10 The Financial Stability Board has developed international standards for resolution frameworks, which have been implemented by most jurisdictions (FSB, 2014) . These standards should reduce the need for public support measures as banks could orderly fail and their shareholders and creditors would bear the losses.
The historical losses presented in Section 3 provide a benchmark for total loss absorbing capacity needed to weather a systemic crisis. Three qualifications are in order, however:
-Requiring a (nearly) zero-failure level of loss absorbing capacity is particularly relevant for systemically important banks. Not all banks in our sample would qualify as such, although most of the current EU banks with total assets larger than EUR 30 bnand all banks larger than EUR 150 bnhave been designated as systemically important institutions by their national authorities ( Figure 5 ). Moreover, a significant proportion of banks in all size categories has 9 There are three types of systemic buffers in the EU: a buffer for global systemically important institutions (the G-SII buffer), a buffer for other systemically important institutions (O-SII) and a systemic risk buffer (SRB) that may be imposed more generally for non-cyclical systemic risks. In this paper, we refer to the combination of these three components as "systemic buffer". 10 More specifically, the Total Loss-Absorbing Capacity for G-SIBs (TLAC) is 18 percent of risk-weighted assets and 6.75 percent of total (unweighted) exposures. TLAC covers all capital and bail-in requirements except capital buffers, which must be met in addition to the TLAC RWA Minimum. Bail-in requirements for European banks (Minimum Requirements for Eligible Liabilities or MREL) have not yet been finalized.
received state aid to prevent failures (Table 1) , which in many cases has been motivated by concerns about systemic risk.
-Losses are not a perfect measure of capital erosion because they are not corrected for regulatory adjustments, such as changes in goodwill and deferred tax assets. As such items are excluded from the definition of capital, losses that are written down from e.g. goodwill are less relevant from a regulatory perspective. Unfortunately, we do not have sufficient information on regulatory adjustments for most banks in our sample. We do not expect, however, that taking into account regulatory adjustments would have a material impact on our results. 11 -Historical losses are not the only way to establish banks' required loss-absorbing capacity.
Following the Basle Committee (BCBS, 2013), the most standard methodology to calculate bank-specific buffers is an expected impact approach, which calibrates systemic surcharges at a level that makes the expected impact of a systemic bank's failure equal to that of a nonsystemic bank. 12 Our analysis of historical losses is not suited to draw conclusions about the required level of loss absorbing capacity of each individual bank in our sample, but can be used as a cross-check for the sample as a whole. 13, 14 To what extent are current systemic capital buffersi.e. banks' first line of defensesufficient to absorb losses of the order of magnitude we have seen in recent years? Figure 5 presents an overview of systemic buffers imposed on EU banks, as announced by national authorities to date. 15 For more than half of the banks, systemic buffers are at most 1 percent and in many cases smaller or even 11 The Financial Stability Board's study on historical losses (FSB, 2015) presents losses with and without regulatory adjustments. Although both approaches lead to substantial differences for some individual banks, the overall results for the entire sample are very similar. Strah et al. (2013) present accumulated losses for US banks, taking into account regulatory adjustments. 12 The BCBS (2013) analysis has set a 1-4.5 percent range for systemic surcharges. The Federal Reserve Board (2015) and the Bank of England (2016) use similar methodologies. Two alternative approaches that have been proposed are to calibrate capital buffers on the basis of an economic cost-benefit analysis or to set buffers at a level that would offset the funding cost advantage of a too-important-to fail bank (BCBS, 2013; FSB, 2015) . 13 The BCBS (2010) and the Bank of England (2016) also present historical losses next to, respectively, stress-test results and the expected-impact framework, as input for the calibration of capital buffers in general, rather than for individual banks. The FSB (2015) presents historical losses as one of its impact assessment studies underlying the TLAC calibration, but does not directly relate the losses to the TLAC ranges that have been set. 14 Historical losses have been used as input to the expected impact approach, to establish the probability of default. BCBS (2013 ), Federal Reserve Board (2015 and Bank of England (2015) use the historical distribution of the return on risk-weighted assets (RORWA) to establish the share of banks with losses beyond a specific cut-off point, which is used as a proxy for the probability of default. This probability is combined with an indicator of damage (or loss-givendefault), which are typically based on total assets or the Basle systemic important scores. 15 Authorities typically announce such measures on their websites. See ESRB (2016) for an overview of systemic buffers imposed on EU banks. zero. Such buffer requirements are modest compared to the losses banks experienced in the 2007-2016 period. With a systemic surcharge of 1 percent or less, the total buffer is likely to be in a range of 3-5 percent RWA, depending on the level of the countercyclical buffer. This would have been insufficient to cover the losses in about one third of the cases presented in Section 3. Using an expected impact framework, Passmore and Von Hafften (2017) draw a similar conclusion for G-SIB buffers. They conclude that buffer surcharges should be higher than the range set by the BCBS (2013) and be applied to a larger set of banks than the current G-SIBs.
[FIGURE 5 Systemic buffers EU banks, by size category]
If buffers are insufficient, banks would have to raise new capital or, if impossible given market conditions, go into insolvency or resolution. In a gone-concern situation, bail-in can be used to absorb losses and recapitalize a bank. This would require sufficient loss-absorbing capital, but also a clear commitment to apply bail-in if needed. A straightforward way to determine the amount of loss absorbing capacity needed is the sum of accumulated losses and minimum capital requirements (say, 10 percent RWA for pillar 1 and 2 combined) minus buffers (say, 5 percent) that can be drawn down. For the 10 percent worst cases in Figure 3 , this would require loss absorption capacityincluding buffersof more than 25 percent RWA.
Conclusion
Initial assessments of the global financial crisis primarily focused on the vulnerability and systemic importance of large, market-oriented banks, which were hit most in the early phase of the crisis. 16
However, our results show that the relationship between bank characteristics and performance in a crisis is more ambiguous when the full post-2007 period is taken into account. 
ANNEX A Data and definitions

A.1 Sample of banks
Our total sample includes 282 banks from the European Union (EU), with a core set of 116 banks that have total assets higher than EUR 30 bn in the first year of the peak accumulated losses interval. Only banks at the group level are included, i.e. subsidiariesalso from non-EU banksare excluded. There have been several mergers and acquisitions. In principle, a bank that has been taken over is included in our sample up to the point where it was acquired. Our approach avoids double-counting, which allows us to aggregate losses in each year. Because of data limitations, the analysis of business models in Section 4 is based on a subset of 69 banks. The loss patterns of this subset are representative for of the entire sample, however ( Figure A2 ).
Data are taken from the SNL Financial database, which covers most of the EU banking system. Aggregate assets of our sample were on average around EUR 32 trn, which represents the bulk of the ECB's consolidated banking data for domestic consolidated banks (on average about EUR 35 trn over the years 2008-2016). Besides differences in consolidation, this difference may be attributed to the fact that we exclude bad bank constructions, while some banks are missing in the SNL database.
A.2 Definition of income
We use total comprehensive income (TCI), a broad definition of income which also includes unrealized losses that are not directly reflected in the profit and loss statement. A further refinement would be to correct TCI for regulatory adjustments, such as goodwill and deferred tax assets, to arrive at a measure of (core) tier 1 capital erosion. The FSB study on banks' historical losses (FSB, 2015) shows that the impact of regulatory adjustments can be substantial for individual banks but does not lead to a different overall picture of losses across banks. 17 We also calculated losses based on net income, i.e. only insofar as reflected in the profit and loss statement. This narrower measure leads to about 20 percent lower losses over the entire period. Most of this difference with TCI is concentrated at large banks in the year 2008, which further increases the performance gap between medium-sized and large banks.
A.3 Definition of peak accumulated losses
Following other studies, this paper uses peak accumulated losses (PAL) as a main indicator. This measure aggregates income over an interval that maximizes losses during the 2007-2016 period.
The interval may include one or more years of positive income, as illustrated in Figure A1 . For banks that did not experience negative income in any year, this metric is simply the lowest positive income. Losses are expressed in terms of total and risk-weighted assets in the first year of the loss interval. An alternative would be to use average assets over the total loss interval, which leads to somewhat higher loss ratios because many banks have become smaller. 18 The use of annual instead of quarterly data also contributes to lower loss ratios, as losses in a particular quarter may be compensated with positive net income in another quarter. For most banks, the PAL interval is 1 or 2 years and starts in 2008 or around 2011, consistent with the two waves of losses during our sample period. Share issues are taken from the SNL database, for all EU banks with total assets higher than EUR 30 bn in at least one year in our sample. Not all share issues are used to repair balance sheets; they can also be used for funding to finance acquisitions or to repay state aid. About two thirds of the share issues we considered, however, have been motivated by the aim to strengthen balance sheets. Moreover, aggregate issues follow the same pattern as aggregate losses, with two waves around 2009 and 2013 ( Figure A3 ). State aid is based on the European Commission's assessments that are published in its state aid register. We only included direct capital injections and impaired assets measures (primarily asset purchases and guarantees by governments), insofar as the latter have been expressed in terms of an equivalent of direct capital support. For example, the Dutch State's back-up facility for ING, which involved a transfer of part of ING's risks on its USD 39 bn Alt-A mortgage portfolio, was assessed to be equivalent to an amount of EUR 5 bn state aid. We did not include cases where the amount of aid has not been quantified this way. In addition, we only considered state aid for our core set of banks with total assets higher than EUR 30 bn. Hence, the aggregate amount of aid used in our analysis is lower than the total amount reported by the European Commission in its State Aid Scoreboard, although it follows the same pattern ( Figure A4 ). In line with the development of losses, initially most state aid was given to the largest banks, but in subsequent years medium-sized banks received the bulk of state aid.
Banks benefited from public sector support in more ways than through the state aid presented here. Governments also provided significant funding support, mostly by guarantees on new funding. In addition, central bank funding was facilitated by increasing the maturity of refinancing operations. Finally, banks benefited indirectly from public sector support their their counterparties. Obviously, it is difficult if not impossible to quantify these additional support measures, so we did not take them into account. 
ANNEX B Identification of bank business models using factor analysis
To limit the number of variables characterizing banks, we apply factor analysis. Factor analysis aims at finding a 'common factor', xk, which is an unobservable, hypothetical variable that contributes to the variance of several (at least two) observed variables, yj. The equation of the common factor model is (Mulaik, 1972) :
where i denotes the observation. There are q common factors in this equation, which are conveniently assumed to be uncorrelated with each other. bkj is the regression coefficient for predicting observed variable j using the k th common factor. eij are residuals that are uncorrelated both with each other and with the common factors. In matrix notation it reads:
B is the factor pattern, which lends itself to interpretation of the meanings of the common factors, as will become clear below.
From a larger set of variables, we selected 15 variables that are available for a significant number of banks in our sample and for most of the sample period. The goal of factor analysis is to cluster variables into factors on the basis of correlations among variables and factors. Variables that are strongly correlated are transformed into a first factor, under the condition that this factor is not orthogonal to the second factor, and so on. To improve the interpretation of the factor loadings that are obtained from the analysis, an orthogonal rotation is performed to obtain a simple structure so that the rotated factors become uncorrelated. This standard procedure in factor analysis reduces the problem of having too many variables loading on one factor or a variable showing significant loading on more than one factor. An analysis of the 'eigenvalues' of the factors, and several significance tests help to decide on how many factors to retain.
Consequently, applying factor analysis on our 15 variables, we obtain two 'common factors' contributing substantially to the variance of these 15 variables 19 and having economically interpretable and significant factor loadings. The first factor has large positive loadings on size, securities, derivatives, assets for trading and market risk (Table B1 ). Therefore, we label Factor 1 'Big investment banks'. The second factor has large negative loadings on income from fees and from trading, large positive loadings on interest income and liquid assets. Hence, we label Factor 2 'Retail banks'. The conclusion from this factor analysis is that two types of banks can be distinguished: big investment banks and retail banks.
We use this distinction when examining differences in peak losses between bank business models. Therefore, we use dummy variables for each of two factor variables, Factor 1 and Factor 2, respectively, which are either 1 or 0. For 20% of the banks, PAL exceeds 8% RWA
TABLES MAIN TEXT
Figure 3 Distribution peak accumulated losses across banks
Peak accumulated losses % (risk-weighted) assets for 116 EU banks (total assets > EUR 30 bn).
For 10% of the banks, PAL exceeds 15% RWA 
Figure 4 Losses by business model category
Aggregated annual losses (EUR bn) for subset of 69 banks included in the business model analysis.
Banks are classified according to the difference between their Factor 1 and Factor 2 scores. For large investment banks, (Factor 1 -Factor 2) > the sample's third quartile of (Factor 1 -Factor 2). For retail banks, (Factor 1 -Factor 2) < the sample's first quartile of (Factor 1 -Factor 2). For indeterminate or hybrid banks, (Factor1 -Factor 2) lies betweeen the first and third quartiles, i.e. within the interquartile range.
Source: ECB, ESRB, national authorities buffer 0% buffer 0-1% buffer 1-2% buffer 3% Proportion G-SII /O-SII
